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ABSTRACT 
 
This study estimates returns to education in Argentina for the 2005-2015 period. In addition to 

OLS earning functions, I estimate the returns using quantile regression analysis to observe 

differences in the returns across the income distribution. The results indicate that modeling on 

average (i.e. OLS modeling) misses important features related to the income structure. Quantile 

regression (QR) analysis reveals that the effect of education is not constant across the 

conditional income distribution; rather investments are more profitable at the top of the income 

distribution. The implication is that education investments may increase inequality.  
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I.! Introduction 

 Promoting education is widely perceived as a powerful policy measure to improve 

economic growth and reduce poverty, through its direct impact on enhancing personal 

productivity and earnings, and its benefits for society. Rates of return to education are crucial 

information for understanding public and private decisions on how much to invest in education. 

 The issue of distributive effects of increased education has received less attention. 

Empirical results suggest a remarkable degree of heterogeneity in the returns to education 

across population strata (Peette et. al, 2015). The effects of education on the distribution of 

earnings, depend not only on the returns to education, but also on the initial distribution of 

education and other population characteristics, and on how this initial endowment is translated 

into changes in the distribution of earnings, and then on inequality (Alejo et al., 2014).   

 Studies that analyze the effect of educational attainment on income have primarily 

relied on Ordinary Least Squares (OLS) and Instrumental Variable (IV) estimation, which 

estimates the mean effect of educational attainment on earnings. However, estimating how, on 

average, educational attainment affects income, disregards variation in the returns for workers 

with the same education level. If there actually is significant heterogeneity in returns across the 

earnings distribution, with higher returns for those with higher levels of income (assumed to 

indicate individuals with high ability as well), investment in education will produce more 

inequality (Patrinos et al., 2006). These results could challenge the established idea that, in the 

long run, education promotes equality, other things being constant. 

 This paper focuses on the evolution of the rates of return across income categories by 

drawing on quantile regressions estimates in Argentina, during the 2005-2015 period. My 

analysis allows returns to vary within education attainment levels to measure inequality within 

these groups, since quantile returns represent the differences in earnings between individuals 
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in the same education group but at different earnings quantiles.  

 The question on returns to education has important policy implications. If the returns 

to education are higher for those at the top of the income distribution, then further investments 

in education will lead to an increase in inequality (Patrinos et al., 2006). In this case, 

compensatory interventions may be necessary to give better opportunities to the the 

disadvantaged and reduce the inequality trend. If, on the other hand, education tends to equalize 

earnings, then further investment, without changes in the way this investment is provided, 

would be justified.   

  

II.! Education in Argentina  

 Argentina’s public education system was conceived during the foundation of the 

country in the 1850s as a major pillar of economic growth and social equity. President 

Sarmiento’s education reform in 1853 was a key element in the effort to overcome poverty and 

to achieve the unification of the country. A century later, Argentina had one of the most 

developed education systems in Latin America.  

 During the last two decades, significant changes have been made to the legislation 

governing basic education in Argentina. In 1993, the National Education Law 24,195 increased 

compulsory education from 7 to 10 years, including, in addition to the primary level that was 

already compulsory, the final year of early childhood education and the first stage of what is 

currently the secondary level. Subsequently, with the approval of the National Education Law 

26,206 (Ley Nacional de Educación, LEN) in 2006, compulsory education was extended by 

another three years. The legal mandate for compulsory education seeks to promote universal 

basic education.  

 Argentina’s case is particularly interesting not only because the country has made 

school attendance mandatory up to secondary school, but also because education is tuition-free 
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at all levels, including university, there is no restriction on admission to a public school, and 

private education is available at each level. Indicators show that school enrollment rates are 

high1 (Unesco, 2015). The average number of years of education of the total population is 8.8, 

slightly higher than the regional average of 8.3 (Barro and Lee, 2012). Still, Argentina faces 

major problems of education quality. On the Programme for International Student Assessment 

(PISA) 2012 math and language tests, Argentina ranked close to the bottom – 59th out of 65 

countries2. These results reveal not only a significant lack of improvement since PISA 2000 

but also a decline in language skills.  Lack of education quality is reflected in Argentina’s low 

student achievement and in its high repetition and dropout rates. The secondary school 

graduation rate in Argentina is only 52%3, compared to an average rate for the Organization 

for Economic Co-operation and Development (OECD) countries of 80%4. Of 100 students 

entering primary school, 84 will enter the seventh grade, 76 will enter the second year of 

secondary school, 40 will enter the last year of secondary school, 35 will enroll in university, 

and only seven will graduate from university5.  

 At the same time, there is new evidence of the magnitude of the gaps of educational 

attainment across income categories. At the secondary level, for example, school attendance 

among youth from the highest income quintile is 95 percent, but is just 77 percent among those 

from the lowest quintile (World Bank, 2015). In 2010, almost 90 percent of youth from the 

highest quintile had completed at least the secondary level of education, compared with only 

34% of youth from the first quintile (World Bank, 2015). Education seems not to be providing 

equal opportunities, but rather contributing to the pattern of increasing inequality observed in 

the last decades. Given these inequalities in education opportunity across income categories, a 

                                                
1 Enrollment of 6-14 year-old children is about 100% in the period under study.  
2 http://www.oecd.org/pisa/keyfindings/pisa-2012-results-overview.pdf  
3 UNESCO. 2015b. Education for All 2000–2015: Achievements and Challenges—Education for All Global 
Monitoring Report 2015. 
4 OECD (2014), Education at a Glance 2014: OECD Indicators, OECD Publishing.  
5 http://www.oecd.org/pisa/keyfindings/pisa-2012-results-overview.pdf 
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research priority should be to determine how education affects earnings along the income 

distribution.  

 

III.! Literature review 

 
a.! Returns to education  

 Estimating returns to education is one of the most common subjects of economic 

analysis with a rich history dating back to the late 1950s. Still, studies rarely use the same 

model to estimate returns. Even though there are the enormous methodological difficulties in 

providing consistent estimates of the effect of education on earnings, there is wide agreement 

that education has an economically significant impact on personal earnings (Card, 2001).  

 Economists approach the relationship between education and earnings as the rate of 

return to education. This perspective is consistent with human capital theory, in which 

important economists as Gary S. Becker (1962), argued that personal incomes vary according 

to the amount of investment in human capital and that individuals make choices of investing 

in human capital based on rational beliefs of the costs and benefits of the investment. Therefore, 

education is understood as an investment in future earnings. The rate of return on such 

investment is the percentage increase in earnings for each additional year of education, minus 

the costs of education and forgone income while studying. The return to education is a 

structural parameter that may vary with the level of education, personal characteristics, and the 

economic environment.  

Following Mincer (1976), the term “return to education” also refers to the coefficient 

of years of education in a linear regression of log earnings on years of education, controlling 

for labor experience. Under certain simplifying assumptions, this coefficient is approximately 

equal to the internal rate of return to an additional year of education. Though the empirical 
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validity of these assumptions varies from application to application, Mincer’s model has been 

used in hundreds of studies of earnings determination around the world.  

 However, several issues arise in the specification of the human capital earnings function 

that affect the magnitude of the estimated returns to schooling. One is the choice of earning 

measures. Since better-educated people tend to work more hours per week and more weeks per 

year than those with less education, the estimated returns to schooling are usually larger for 

annual earnings than for weekly or hourly earnings (Card, 1999). At the same time, the increase 

in the rate of return is unlikely to be constant for each additional year; increase in rate of return 

for the year completing school or completing a degree is likely to be higher than increase in 

rate of return for completing other years of education (Psacharopolous 1994). There is also 

variation in the returns, depending on the type of education the individual chooses. This choice 

may be an education associate with higher earnings (e.g., medicine, business), or other type 

associated with lower earnings (e.g., vocational qualifications). 

 In the recent literature, there are results that concern observable sources of variation in 

the return to education. Card (1999) explains that among the potential sources of heterogeneity 

that have been identified and studied the most important are school quality, family background, 

and ability. Ability is measured by IQ or aptitude test scores. Card and Krueger’s (1992a, b) 

results demonstrate that there is important variation in the rate of return attributed to differences 

in the quality of schooling. They find this result when comparing individuals educated in 

different states and at different times.  

 So far, most of the literature on returns to education has implicitly assumed –by the use 

of OLS models— that the education-related earnings increment is constant across the wage 

distribution. The pioneer quantile regression model was introduced by Koenker and Basset 

(1978) as an extension of classical least squares estimation of conditional means models to 

conditional quantile functions. Since then, some empirical applications have dealt with the 
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method they suggested. The motivation for using quantile regression to look at the wage 

distribution comes from labor economists’ interest in the question of how inequality varies 

conditional on variables like education and experience (Angrist and Psichke, 2008).  

Notable examples are Card (1999) and Buchinsky (1994) who used a quantile 

regression approach to provide evidence of changes in the structure of wages in the US. 

Buchinsky’s (1994) seminal study reveals an important empirical result: increase education has 

the double effect of increasing expected earnings at the same time that it increases the 

dispersion of earnings for each level of education. Moreover, significant differences in wage 

inequality are also found across the various skill groups. Evidence for the US suggests the 

payoff to investments in education is higher for more disadvantaged individuals (Keuger and 

Lindahl, 2001). For example, while studies of the effect of school resources on students’ 

outcomes show mixed results, Rivikin et al. (1999) shows there is a tendency to find more 

positive effects of school resources for disadvantaged students. It is unclear for these authors, 

though, whether this evidence of a higher return to human capital for disadvantaged students 

applies to countries outside the United States.  

 

b.! Returns to education in Argentina  

 A number of studies have measured the private rates of return to education in Argentina 

(Kugler and Psacharopoulos 1989, Pessino 1993, Pessino 1996, Gasparini, Marchionni, and 

Sosa Escudero 2001, Galiani and Sanguinetti 2003, Patrinos, Fiszbein, and Giovagnoli 2005). 

These studies have produced two consistent results: (1) returns to education increase with the 

level of education; and (2) for every level of education men have higher returns to education 

than women.  

 The first studies that estimated returns to education in Argentina are from the mid-

1980s. Using 1985 data on Buenos Aires, Kugler and Psacharopoluos (1989) found that wage 
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differentials related to education were lower in Argentina compared with other Latin American 

countries (e.g., Brazil, Chile, Colombia, Mexico and Venezuela). They found that in 1985, in 

Buenos Aires, the labor force averaged 11.1 years of education and the private rate of return to 

another year of education was 9.2 percent. They also estimated the private rate of return to 

another year of education in in urban Argentina in a post-hyperinflation year (1989) at 10.3 

percent.  

Gasparini et al. found increasing returns to education on the Greater Buenos Aires from 

1986 to 1998. Pessino (1993) finds that the returns to another year of education in Buenos Aires 

increased from 10 per cent in 1986 to 12.5 percent in 1989; they declined in 1990 but recovered 

again in 1993. She concluded that returns were higher and increasing during the period of 

hyperinflation. However, when inflation was brought under control in 1990 returns decreased 

significantly. A more recent study by the World Bank (2002) concludes that in Argentina, well-

educated workers enjoyed higher returns to education in 1998 than in 1992.  

Psacharopoulos (1994) shows differences in returns to education by gender. He finds 

that returns for women in Argentina were slightly higher than for men: in 1985, 9.1 for men 

and 10.3 percent for women; and in 1989, 10.7 for men and 11.2 percent for women. Fiszbein 

et al. finds differences in returns to education between men and women too (2005). Evidence 

suggesting that while lower-ability women may benefit more from education, the reverse is 

true for men.  

 Previous studies mostly compute linear returns to education, mostly for males, in the 

Greater Buenos Aires; and hence are not able to respond to the central question of this study: 

Does education in Argentina tend to widen or reduce the wage gaps between poor and rich, or 

does it have little effect either way?  

 The paper by Fiszbein et al. (2006) on returns to education in Argentina uses QR to 

analyze returns to schooling in urban Argentina for a 10-year period (1992-2002) and finds 
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that returns in urban Argentina increased during the last decade and that men in higher quantiles 

had higher returns to education compared to those in the lower quantiles, while for women is 

the opposite. The present study uses an updated time period compared to that of Fiszbein et al. 

I therefore estimate rates of return to education in Argentina for the ten-year period, 2005 to 

2015, and ask not what the effect of educational attainment is on average, but for whom such 

effects are significant and how large they might be. I therefore compare returns to education 

for workers (conditioned on years of education and experience) in order to see if education is 

contributing to wage inequality.  

The paper is structured as follows. Section IV outlines the methodology used to estimate 

these returns and the empirical model applied. The following section describes the data set used 

and provides descriptive statistics for the selected variables. Section VI describes the results 

obtained, and the following section the limitations of this study. Finally, section VIII concludes 

with the policy implications.  

 

IV.! Methodology 

 As discussed above, typical wage equations estimate the mean effect of education on 

wages. An ordinary least squares (OLS) regression is based on the mean of the conditional 

distribution of the regression’s dependent variable. This is, the rate of return to education for 

the average individual. In other words, the OLS approach assumes that the rate of return to 

education is common across individuals (see, for example, Card 1999). However, the impact 

of education on the mean of that distribution describes only a partial aspect of the relationship 

between income and education. For policy purposes, it may be important to examine the effect 

of changes in educational levels in different income categories.   
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 Patrinos et al. (2006) explain in “Estimating the Returns to Education: Accounting for 

Heterogeneity in Ability”6, that the wage distribution reflects not only education but also 

factors such as unobserved ability and other skills relevant to the labor market. Those at the 

bottom of the wage distribution tend to have lower educational attainment but also less ability. 

Is education independent of low skills, does it compensate for it, or does it complement it? This 

question is important to understand the policy implications of the results of this study. If the 

effect is independent, then I will find that the effects of education in Argentina are the same 

throughout the wage distribution. If education compensates for low skill, then I will find a 

larger effect for those individuals at the bottom quintiles than those at the top. On the other 

hand, if education complements for low skill, I should find that education in Argentina has a 

larger effect at the top quintiles and thus, that it has an unequalizing effect.  

 If individuals have different returns to education at the same level of education this will 

prove that education has no unique effect on wages. Quantile regression methodology allows 

such analysis. With this method I can estimate the rate of return to education at different points 

of the conditional wage distribution and determine whether there are differences in returns at 

the upper and lower level of the income distribution.  

 In addition to allowing the full characterization of the conditional distribution of the 

dependent variable, Buchinsky (1998) identifies three useful features of the quantile approach. 

First, the linear representation of the quantile regression model makes estimation easy. Second, 

while OLS can be inefficient if the errors are highly non-normal, quantile regression objective 

function is a weighted sum of absolute deviations, resulting in a robust measure of location. 

This is important because it prevents the coefficient from being sensitive to outlier 

observations. And third, when the error term is non-normal, quantile regression estimates may 

                                                
6 Patrinos, Harry A., Cristóbal Ridao-Cano, and Chris Sakellariou. "Estimating the returns to education: 
accounting for heterogeneity in ability."World Bank Policy Research Working Paper Series, Vol (2006). 
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be more efficient than OLS estimators.  

 As a benchmark, I begin by presenting conventional estimates of the Mincerian (Mincer 

1974) human capital wage equation. I then use the quantile regression method that estimates 

the effect of education on wages at different parts of the wage distribution. I apply this method 

to the Argentinean data set, both overall and for several decompositions.  

 

a.! The human capital earnings function  

 The empirical analysis here relies on estimating standard earnings functions as defined 

by Mincer’s (1974) human capital earnings function. According to this model, the log of 

individual earnings (W) is a function of education and experience in the labor market expressed 

as: 

 
!"#$% = '() +)'+, +)'-. + '/.

- + 0                    (1) 
 

where S represent years of education, X represents the number of years an individual has 

worked since completing schooling, and e is a statistical residual. In the absence of direct 

information on experience Mincer proposed using “potential experience” measured as age 

minus years of education minus six (assuming the individual started school at age 6). 

 The simple specification of equation (1) raises a number of questions that have been 

addressed directly and indirectly over the past 30 years (Card, 1999). Many of these concern 

functional form. On the use of independent variables, one of the methodological questions is 

the amount of independent regressions included in the regression. On the dependent variable, 

the literature on the human capital earnings function has analyzed a variety of earnings 

measures –annual, weekly, hourly – almost always in logarithmic form. The popularity of log 

transformation reflects, for one thing, the fact that the distribution of log earnings is 

surprisingly close to a normal distribution. Also, the log transformation is convenient for 
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interpretation (Card, 1999).  

 The standard human capital earnings functions dictates that log earnings are a linear 

function of years of completed education (Card, 1999). Evidence indicates that the marginal 

rate of return increases significantly at low levels of education, and decreases at relatively high 

levels of education. Moreover, return to education literature shows that the returns to an extra 

year of education are not identical across levels of education (i.e., Primary, Secondary, and 

University level). Psacharopoulos (1985, 1994) shows in his studies that returns are highest for 

primary education, but decline as students move up in the grade level. However, from 

secondary to tertiary education they may increase again. Hartog et al. (2001) describe this effect 

with a U-shaped pattern. Hence, linear estimates of the rate of return understate the maximum 

marginal rates of return around 12 years of education, and overstate the rates of return at both 

the low and high levels of education (Trostel, 2003). 

 The Argentina Permanent Household Survey (EPH) used for this paper records 

individuals’ education as a credential measure7. In the equation (2) I change the wage equation 

specification through the inclusion of a spline in years of education at seven categories of level 

of education8. This enables the effects of education on wages to vary at each of the education 

categories. The coefficients on the splines are interpreted in the same way as a coefficient in a 

continuous education variable, as follows:  

!"#$% = '( + '+1234% + '-,043% + '/,044% +)'567383) + '967384"% +)':;<=% )+

'>));<=
- +)'?@AB0 + 6%              (2) 

 

where Pric, Seci, Secc, Univi and Univco refer to dummy variables for primary complete, 

secondary incomplete, university incomplete and university complete. Prii is primary 

                                                
7 Note: the numbers of years required to obtain a primary school degree and a secondary school degree are 7 and 5 
respectively. Completing tertiary education typically requires 5 years.  
8 Basic education in Argentina is organized into three levels: early childhood, primary, and secondary. In early childhood 
education, kindergartens serve children between three and five years old. Age six marks entry into the primary level of the 
education system, which last for seven years, followed by five years of secondary school.   
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incomplete or no education, which is the reference category. Additional explanatory variables 

are Exp indicating labor market experience (linear and squared) and, a dummy for gender.  

 I estimate this equation using ordinary least squares (OLS) and using the cross-section 

pooled data for three years: 2005, 2010 and, 2015. The OLS approach will provide estimates 

that represent how, on average, the different earnings determinants influence wages. I use 

sampling weights for all OLS estimates. At the next stage, I estimate the same equation using 

the quantile regression methodology.  

 

b.! Quantile regression   

The quantile regression model used in the paper follows the discussion by Angrist and 

Pischke (2002)9. The starting point for quantile regression is the conditional quantile function 

(CFQ), which is defined, at a quantile q given a vector or regressors, xi :

=

 

CD E% .% = FG
H+(J|.%) 

where FD E% .%  is the distribution function for E% at y, conditional on .%. By looking at the 

CFQ of earnings as a function of education, I can tell whether the dispersion in earnings goes 

up or down with education. In addition, the CFQ of earnings as a function of education and 

time tells us whether the relationship between education and inequality is changing over time.  

 The earnings distribution is be divided into quantiles, and I consider the 10th , the 25th, 

the 50th, the 75th and the 90th percentiles. Each quantile regression is estimated for each of the 

sample years, 2005, 2010 and, 2015. This relationship is expressed as:  

 
E%,D = '(,D + '+1234%,D + '-,043%,D)+)))'/),044%,D + '567383)%,D)+)))'967384")%,D +

)':;<=%N + '>));<=%N
-
)+)'?@AB0%,D + 6%         (3) 

 

                                                
9 See “Mostly Harmless Econometrics”, chapter Seven for further discussion.  
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Summing up, quantile regressions provides my analysis with a clear picture of the effect of 

education on wage inequality, with snapshots at five different points of the wage structure. 

Results should bring value-added to the relationship between the dependent and the 

independent variables across its conditional distribution, and could help answer the question of 

the effects of education on wage inequality.  

 

V.! Data source and variables description 

 My analysis is based on micro data from Argentina’s Permanent Household Survey 

(EPH) for years 2005, 2010 and, 2015. The survey, which is administered by the National 

Institute of Statistics and Census (INDEC, for its name in Spanish), has been in place since 

197410. The objective of the survey is to monitor the evolution of national and regional socio-

economic indicators (e.g., poverty, extreme poverty, total income, labor income, 

unemployment, under-employment, and labor informality), and to relate these to other socio-

economic and demographic indicators (e.g., housing conditions, educational attainment, health 

coverage, industry in which the person works, family size, household composition by age and 

gender, migration status, and relationship to the head of the household). On 2003, the survey 

was updated to respond to current socioeconomic characteristic. 

The EPH is a stratified random sampling survey of a rotating panel of respondents. 

Since 2003 it has been administered continuously throughout the year, and data is currently 

available for each quarter between the third quarter of 2003 and the fourth quarter of 2015. The 

EPH collects household and individual-level data in 31 urban areas (all the Argentina’s urban 

areas with more than 100,000 inhabitants), which are home to 71 percent of the country’s urban 

                                                
10 Instituto Nacional de Estadística y Censos-INDEC. "La nueva Encuesta Permanente de Hogares de 
Argentina. 2003" (2003). 
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population. Since the population share of urban areas in Argentina is 87.1 percent, the EPH 

sample represents roughly 62 percent of the total population of the country. 

Scholar, think tanks, and international organizations, among others, use this EPH as it 

is the most important source of information to analyze questions related to inequality, 

education, poverty, income, and labor issues in Argentina. 

 

a.!  Years of education and level of educational attainment 

 Two types of education variables are used in this analysis: continuous and dummy 

variables. Appendix Table 1 presents the means of these variable. During the last ten years 

(2005-2015), average years of education in Argentina has remained almost constant, with a 

slight increase from 10.04 (2005) to 10.36 (2015). Years of education for the three periods 

analyzed show that women receive more education than men, with a difference of more than a 

whole year for the three samples. In 2005, the average years of education for men was 9.58 and 

for women, 10.98. In 2015, it was 9.75 and 11.61 years, respectively.  

Educational attainment has increased over the ten-year period. As shown in Figure 1, 

Argentina has a low level of education, considering that on average, in the last decade only 

52% of the working population (aged 16 to 65) has completed secondary and 22% hasn’t. Still, 

these figures show an apparent improvement in human capital levels in Argentina. As primary 

incomplete and primary complete levels decreased over time, secondary complete and 

university complete levels have increased.  Secondary incomplete level has remained stable 

along the period.  

As for gender differences, women are more highly represented at higher levels of 

education. For example, in 2010 while 19 percent of men had incomplete secondary and only 

23 percent had complete secondary, 13 percent of women had incomplete secondary, and 25 

percent had complete secondary. This difference is even wider when looking at the university 
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level. On 2015, 15 percent of men had completed this level, compared to 31 percent for women. 

The proportion of workers with less than secondary has decreased. Conversely, there was an 

increase in the proportion of worker with university level (12.7 percent has university complete 

in 2005, compared to 15.1 percent percent in 2015).  

 

Figure 1.  Population aged 16-65 by level of education (percent) 

 
 
Source: Author’s calculations based on EPH. The figures are for the highest level of education completed. The 
average corresponds to the unweighted mean of the entire population aged 16-65 in Argentina.  
 

b.! Earnings: real hourly wage and log hourly wage 

My dependent variable is the log hourly wage rate. Although the EPH survey reports 

monthly wages resulting from the primary occupation of the individual, I transform this 

variable in to hourly wages, and adjust it by the Consumer Price Index in order to have a 

comparable series through the decade.  

I estimate earnings equations for men and women jointly and separately. The samples 

include all full-time workers 16-65 years of age with positive employment earnings. Appendix 

Table 1 presents the means of real hourly wage and log hourly wage for the three years 
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analyzed. Results show an increase in wages from 2005 to 2010 (Log hourly wage: 1.15 to 

1.46) and a decrease from 2010 to 2015 (Log hourly wage 1.46 to 1.36).    

 Table 1 presents mean hourly wages by level of education and gender in 2015. 

Individuals with complete primary education do not earn significantly more than individuals 

with incomplete primary education. A complete secondary education raises earnings 

significantly while the biggest jump in earnings is observed between people with university 

complete and university incomplete.  

There are earning gaps between men and women at all levels of education; in contrast 

to the education variables, women earned less than men during the period. However, the gaps 

in mean wages decreases as higher levels of education are completed: 0.8 Argentinean pesos 

for primary complete, 0.5 for secondary complete, and 0.3 for university complete.  

 

Table 1. Mean hourly wages by level of education and gender, 2015 (constant 2005 pesos) 
 

   Full-sample Males Females 
  Mean S.d. N Mean S.d. N Mean S.d. N 
Without Instruction 2.61 1.74 126 2.70 1.81 108 2.02 1.09 18 
Primary Incomplete 2.95 2.04 2,274 3.08 2.04 1,806 2.47 1.98 468 
Primary Complete 3.53 3.20 11,162 3.70 3.45 8,728 2.90 1.92 2,434 
Secondary Incomplete 3.57 2.38 11,632 3.71 2.46 8,968 3.08 2.03 2,664 
Secondary Complete 4.40 2.82 20,460 4.55 2.88 13,952 4.07 2.66 6,508 
University Incomplete 4.97 3.09 8,378 5.34 3.31 4,936 4.45 2.65 3,442 
University Complete 6.58 4.15 12,992 6.73 4.31 6,516 6.43 3.97 6,476 

Source: Author’s calculations based on EPH, 2015.  
 

c.! Experience and gender variables 

The other explanatory variables in my model are: experience, experience squared, and a 

dummy for gender. The EPH does not provide information on either actual work experience or 

years of work interruption. Following Card (1999), I calculated potential experience as current 

age minus years of schooling minus six. Note that potential work experience is also included 

as a quadratic term in the wage specification in order to capture the concavity of the experience-
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earnings shape (Angrist et al., 2006, among others).  The number of observations analyzed in 

each period show that women in workforce represent half of the number of men in the 

workforce. Appendix Table 1 shows the summary statistics of the sample analyzed (full time 

workers, men and women, between 16 and 65, in years 2005, 2010, and 2015). Average years 

of experience has remained stable in the 2005-2015 period, between around 22.5 and 22.9 years 

for the whole sample. Years of experience seem to have increased slightly for women. 

However, this variable is always 21 to 22 years.  

 

VI.! Empirical results: OLS Mincerian equations and quantile regression 

 The interpretation of the quantile regression coefficients is equivalent to that of the OLS 

regressions. In the OLS case, the regression describes the relationship between the explanatory 

variables on the conditional mean of the dependent variable. Whereas, in the quantile 

regression, the coefficients represent the influence of the explanatory variables on the 

conditional 0-quantile of the dependent variable.  

I estimated four different specifications using OLS and QR techniques: Model 1 is the 

traditional earnings function (years of education), and Model 2 is the traditional earnings 

function with a binary variable for sex. Model 3 contains dummy variables for education levels, 

and Model 4 contains the dummy variable for education levels and a binary dummy for sex.  

OLS basic earnings function estimates for the whole sample (men and women) in 

different years are presented in Appendix Tables 2.A, 2.B, and, 2.C. In Table 2.A, OLS 

estimates of Determinants of Wages in 2005, the Model 1 shows that each additional year of 

education raises wages by 7.7 percent. In Model 2, an additional year of education raises wages 

by 8.1 percent. In addition, in this case, the OLS estimate shows males earning are 27.8 percent 

more than females. The table shows that experience has a positive impact on earnings; and I 

observe that, on average, an additional year of experience increases wages by approximately 4 
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percent in Model 1 and Model 2, and 3.3 percent in Model 3 and Model 4. Significant 

differences are associated with the covariates for level of educational attainment: Model 4 

shows that men with primary complete earn 21.6 percent more than men with primary 

incomplete or without instruction, holding all else constant. Men with secondary complete earn 

65.8 percent more than men with primary incomplete or without instruction and men with 

university complete earn 126 percent more, holding all else constant.   

  OLS estimates in Table 2.B, Determinants of Wages in 2010, are very similar to these 

results from 2005. But in Table 2.C, which reports results for 2015, Model 1 shows each 

additional year of education raises wages by 5.2 percent, 2 points lower than in 2005; and 

Model 2 show males earn 21.4 percent more than females. Here the difference with the 2005 

is of more than 6 percentage points. Potential experience has a positive impact on earnings, on 

average, and an additional year of experience increases wages by between 2 and 3 percent.  

 Table 2 presents my quantile regression returns to education results. Five quantile 

regressions were calculated for each of the three years being examined. The regressions were 

performed for the full sample, and for two sub-samples of men and women separately. The 

effect of education on wages is positive and statistically significant at each of the quantiles 

analyzed. This suggests that wages increase with education throughout the conditional 

distribution range.  

However, education affects wages differently at different parts of the distribution and 

it has larger effects at higher quantiles. This is very clear for males and females in all three 

years, although for females the returns show a flat pattern. This suggest that there is 

heterogeneity in the returns to education, and that returns are larger for individuals at higher 

quantiles of the conditional wage distribution (i.e., with better-unobserved earning capacity). 

It is also clear that the effect of education on wages is lower for women than the corresponding 

values for men across the entire distribution. 
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Table 2. OLS and Quantile Regressions, Returns to and additional year of Education (%) by 
Sex, 2005-2015. 

 

! Full sample Males Females 

Quantiles 2005 2010 2015  2005 2010 2015  2005 2010 2015 

0.10 5.6116 6.7238 7.9891 5.9064 6.8613 8.1039 5.4181 6.5106 7.8178 

0.25 6.0904 7.2047 8.4373 6.1850 7.2974 8.5204 5.9066 7.0131 8.2637 

0.50 6.5305 7.6157 8.8329 6.6108 7.6905 8.8976 6.3560 7.4717 8.7022 

0.75 6.9131 7.9861 9.1656 6.9873 8.0604 9.2285 5.2445 7.8445 9.0349 

0.90 7.2755 8.3453 9.4869 7.3526 8.4122 9.5385 7.0756 8.1701 9.3384 

OLS 6.5590 7.6168 8.8081 5.9111 7.0590 8.3486 5.6331 6.7869 8.1341 
Source: Author’s calculation based on EPH, 2010 - 2015.  
 

The pattern of change over the years show great similarities across almost all quantiles 

presenting significant differences between the highest and the lowest quantile. There is a clear 

increase of returns in the period analyzed at all quantiles. For the average individual (from my 

OLS regressions), the return to an additional year of education is 6.5 percent on 2005, 7.6 

percent in 2010 and, 8.8 percent in 2015.  

Overall wage inequality remained fairly constant in the 2005-2015 period with a peak 

of increased inequality in 2010. In addition, the returns to education likely played a role to 

increasing within-group inequality. Buchansky (1994) explains that differences in log wages 

between relevant conditional quantiles can be used as measures of within-group wage 

inequality.  By calculating the differences between the relevant quantiles I obtain the marginal 

effect education has upon those measures.  

Results for the two extreme deciles are in Table 3. As can be seen, education has a 

positive effect on within group wage dispersion, which decreases slightly over time. In 2005, 

the difference in the return between the ninth and the first deciles amounted to 1.66, 1.44 and 

1.67 percentage points for the full sample and for the sub-samples of men and women, 
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respectively. In 2015, the figures were 1.49, 1.43, and 1.52, respectively.   

 

Table 3. The impact of education upon within-group wage inequality (Q90-Q10) 

 2005 2010 2015 
Full Sample 1.6639 1.6215 1.4977 
Males 1.4462 1.5510 1.4346 
Females 1.6575 1.6595 1.5205 

Source: Author’s calculations based on EPH, 2010 – 2015 

 

Including a spline in years of education 

 This section changes the wage equation specification through the inclusion of a spline 

in years of education at three categories of the education system (i.e., Primary, Secondary and 

University level). The coefficients on the splines are interpreted in the same way as the 

coefficients in a continuous education variable.  

Results in Tables 4-6 show that rates of return tend to increase with the level of education. 

They are particularly high for university complete as compared to the other two levels. This 

pattern is repeated across almost all quantiles and for men and women. In addition, men and 

women show higher returns towards the upper levels (Table 5 and 6).  

Results are also plotted in Figure 1 to better visualize the evolution of the returns to 

education at each of the three levels of education over time. These graphs clearly that the rate 

of return to education increases with every level of education obtained. Returns are particularly 

high for university education compared with the other two levels. This pattern is verified across 

all quantiles and within the two gender groups. Finally, the graphs show that the returns in the 

three levels of education tend to increase with every quintile number and this pattern is stable 

over time and for both men and women.   

These results show the danger of relying on average returns for policy purposes, since if 

returns are higher at the top end of the earnings distribution than at the bottom end, then 



 21 

education tends to increase earnings inequality. On the other hand, if skills and education were 

substitutes, then the least skilled would benefit more from education and education would tend 

to reduce earnings inequality.  
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Table 4: Full Sample, quantile and OLS rate of return to education, by year. 
Full Sample, 2005 

Quantile 
Primary 
Complete 

Secondary 
Incomplete 

Secondary 
Complete 

University 
Incomplete 

University 
Complete 

0.10 5.2096 5.6432 6.3756 7.3078 8.5831 
0.25 5.6905 6.1074 6.7729 7.6976 8.8566 
0.50 6.1602 6.5613 7.1591 8.0295 9.1238 
0.75 6.5132 6.8989 7.4504 8.2851 9.4032 
0.90 6.8398 7.2684 7.8526 9.1948 9.9644 

      
OLS 6.1607 6.5635 7.1765 8.1014 9.2792 

0.90-0.10 1.6302 1.6252 1.4770 1.8870 1.3813 
      

Full Sample, 2010 

Quantile 
Primary 
Complete 

Secondary 
Incomplete 

Secondary 
Complete 

University 
Incomplete 

University 
Complete 

0.10 6.3049 6.7055 7.3848 8.2254 9.4209 
0.25 6.7998 7.1633 7.7914 8.6038 9.6491 
0.50 7.2684 7.6186 8.1412 8.8434 9.7714 
0.75 7.6583 8.0214 8.5193 9.2207 10.1648 
0.90 7.9972 8.3084 8.7899 9.4809 10.4035 

      
OLS 7.2738 7.6127 8.1368 8.9156 9.9017 

0.90-0.10 1.6923 1.6029 1.4051 1.2555 0.9826 
      

      
Full Sample, 2015 

Quantile 
Primary 
Complete 

Secondary 
Incomplete 

Secondary 
Complete 

University 
Incomplete 

University 
Complete 

0.10 7.7193 8.0183 8.4564 9.1179 10.0086 
0.25 8.1865 8.4584 8.9349 9.5950 10.4606 
0.50 8.5723 8.8234 9.2811 9.8929 10.6382 
0.75 8.8762 9.1258 9.5209 10.0892 10.8529 
0.90 9.1556 9.4265 9.8515 10.4679 11.2280 

      
OLS 8.5191 8.8178 9.2749 9.9213 10.7322 

0.90-0.10 1.4363 1.4082 1.3951 1.3500 1.2195 
Source: Author’s calculations based on EPH, 2010 - 2015.  
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Table 5: Male Sample, quantile and OLS rate of return to education, by year. 

 
Male Sample, 2005 

Quantile 
Primary 
Complete 

Secondary 
Incomplete 

Secondary 
Complete 

University 
Incomplete 

University 
Complete 

0.10 5.3610 5.8089 6.5542 7.1613 8.8478 
0.25 5.8006 6.2560 6.9714 7.9571 9.2171 
0.50 6.2066 6.6129 7.2580 7.8943 9.3607 
0.75 6.5738 6.9878 7.6123 8.5360 9.7645 
0.90 6.8848 7.3040 7.9316 8.5774 10.1436 

      
OLS 6.2347 6.6502 7.3087 8.2860 9.5506 

0.90-0.10 1.5239 1.4952 1.3774 1.4160 1.2958 
      

Male Sample, 2010 

Quantile 
Primary 
Complete 

Secondary 
Incomplete 

Secondary 
Complete 

University 
Incomplete 

University 
Complete 

0.10 6.4686 6.8594 7.4789 8.3456 9.5686 
0.25 6.8862 7.2323 7.8421 8.6442 9.7177 
0.50 7.3476 7.6656 8.1992 8.9267 9.9130 
0.75 7.6971 8.0609 8.6181 9.3824 10.4160 
0.90 8.0660 8.3998 8.9030 9.6359 10.6313 

      
OLS 7.3446 7.6851 8.2441 9.0730 10.1416 

0.90-0.10 1.5974 1.5404 1.4240 1.2903 1.0627 
      
 Male Sample, 2015 

Quantile 
Primary 
Complete 

Secondary 
Incomplete 

Secondary 
Complete 

University 
Incomplete 

University 
Complete 

0.10 7.8219 8.1120 8.5995 8.9821 10.2768 
0.25 8.1903 8.4536 8.9536 9.6688 10.5922 
0.50 8.5868 8.8750 9.3628 9.8145 10.8892 
0.75 8.8960 9.1837 9.6459 10.3290 11.1987 
0.90 9.1970 9.5151 10.0003 10.6864 11.5719 

      
OLS 8.5707 8.8765 9.3603 10.0562 10.9409 

0.90-0.10 1.3752 1.4031 1.4007 1.7043 1.2951 
Source: Authors’ calculations based on EPH, 2010 - 2015.  
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Table 6: Female Sample, quantile and OLS rate of return to education, by year 
 

Female Sample, 2005 

Quantile 
Primary 
Complete 

Secondary 
Incomplete 

Secondary 
Complete 

University 
Incomplete 

University 
Complete 

0.10 4.9996 5.4475 6.1929 7.1614 8.4864 
0.25 5.4896 5.9449 6.6604 7.6461 8.9061 
0.50 5.9199 6.3262 6.9713 7.8943 9.0740 
0.75 6.2963 6.7103 7.3347 8.2584 9.4869 
0.90 6.5718 6.9910 7.6186 8.5774 9.8306 

      
OLS 5.9193 6.3349 6.9933 7.9706 9.2352 
0.90-0.10 1.5722 1.5436 1.4258 1.4161 1.3442 
      

Female Sample, 2010 

Quantile 
Primary 
Complete 

Secondary 
Incomplete 

Secondary 
Complete 

University 
Incomplete 

University 
Complete 

0.10 6.0968 6.4875 7.1071 7.9738 9.1967 
0.25 6.5712 6.9173 7.5271 8.3292 9.4027 
0.50 7.1004 7.4185 7.9520 8.6795 9.6659 
0.75 7.4535 7.8173 8.3745 9.1388 10.1723 
0.90 7.8027 8.1364 8.6396 9.3725 10.3679 

      
OLS 7.0429 7.3834 7.9424 8.7713 9.8399 

0.90-0.10 1.7059 1.6489 1.5325 1.3988 1.1712 
      

Female Sample, 2015 

Quantile 
Primary 
Complete 

Secondary 
Incomplete 

Secondary 
Complete 

University 
Incomplete 

University 
Complete 

0.10 7.4965 7.7866 8.2742 8.9821 9.9514 
0.25 7.9202 8.1834 8.6835 9.3987 10.3221 
0.50 8.3676 8.6558 9.1436 9.8145 10.6700 
0.75 8.6844 8.9720 9.4342 10.1173 10.9870 
0.90 8.9709 9.2890 9.7741 10.4603 11.3457 

      
OLS 8.3346 8.6404 9.1243 9.8202 10.7049 

0.90-0.10 1.4744 1.5024 1.5000 1.4782 1.3943 
Source: Author’s calculations based on EPH, 2010 - 2015.  

 
 

  



 

 
Figure 1: Returns to education by level of education, 2005 – 2015, Full Sample, Male Sample, Female Sample. 

 
 

   
 

   
 
 

   
 
Source: Author’s calculations based on EPH, 2010 - 2015. 
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VII.! Limitations 

There are two major sources of concern regarding the interpretation and unbiasedness 

of my coefficients. First, some relevant variables determining individual earnings might be 

missing; for example, occupation and sector of activity. I could have included these variables, 

but I decided to exclude them in the interest of simplicity and clarity in this exercise. Also, 

some studies show that the education coefficient decreases when covariates that can be 

considered post-education decisions are used. These results support the use of a simple 

specification of the Mincer equation for the study of the total returns to education (Pereira and 

Martins, 2004).  

A second problem with the estimates of rates of return is that education is endogenous. 

Due to selection bias or omission of other variables such as innate ability, neither the OLS nor 

the QR approach provides us with unbiased estimates of the parameters of interest. To address 

the potential bias researchers have used instrumental variables and other techniques. An 

important recent contribution on this topic, Arias et al. (2001), suggests this is not the case. 

These authors draw on data from the twins’ study by Ashenfelter and Rouse (1998) in order to 

control for ability differences. They find that, abler individuals have higher educational 

attainment. The authors explain this is perhaps due to lower marginal cost and higher marginal 

benefits of education. They also find that higher ability individuals (further to the right of the 

wage structure) have higher returns to school. This is consistent with the idea that there is a 

significant interaction between education and unobserved skills in the effect on earnings.  

Another limitation of my study is that it focuses on returns to education as measured 

by labor market earnings. This means that, because of methodological difficulties, I do not 

include self-employed or informal sector workers. This is not a problem in advanced economies, 

but it is a limitation to a country like Argentina where a 33 percent of the population is in the 

informal sector (Betranou et al., 2013).  
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VIII.! Conclusions and policy implications 

 This paper attempts to provide a comprehensive picture of the returns to education in 

Argentina and their evolution over the 2005 to 2015 period to answer the question of the effects 

of education on wage inequality. For this purpose, it considers alternative specifications of the 

wage function, using two estimation methods (OLS and quantile regression) to explore how 

the dispersion of returns across education levels behaves over time.   

The results show that: (1) returns are higher at higher levels of education; (2) returns to 

education and labor market experience are strongly and positively correlated; (3) returns to 

education are higher for men than for women; (4) returns to education are higher for individuals 

with higher positions in the wage structure; and (5) my analytic findings are stable over time.  

My findings on the relation of returns to education and position in the wage structure 

are politically troubling.  From the comparison of the coefficients of the OLS estimates and the 

quantile regression estimates, I observed important differences in the impact of education on 

average, and at the quantiles across the income distribution. Differential returns across the 

income distribution show significant differences between the highest and the lowest quintile. 

This suggests that the approach I used, based on the quantile regression identification strategy, 

was useful in understanding the true—and inequitable—relations between education and the 

earnings distribution.  

In line with existing results for several countries and periods, the conditional quantile 

regression results in this paper show that there is much heterogeneity in the returns to 

education. Evidence suggest the presence of an unequalizing effect of education, increasing 

along the quantiles of the conditional distribution. This result implies that further investment 

in education, all else equal, could be contributing to increased inequality.  

The unequalizing effect of education may be due to an interaction between education 

and factors such as ability and social skills, that also impact upon differences in earnings which 
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are heterogeneously distributed across workers within any given education level. Regardless 

of the explanation, however, the findings call attention to the need for policies designed to 

reduce wage inequality.  

What are the policy implications of the main findings of this study? The fact that 

educational expansion takes a long time to reduce inequality implies that compensatory polices 

are important to protect the poor in the short and medium term. Investing in education policies 

that promote equality and support disadvantaged students in achieving better academic 

outcomes could reverse the trend. Given the increase in returns to education at every education 

level, it is also important to reduce disparities in the levels of education attained, between the 

least and the most educated. Investing on dropout prevention and raising educational 

attainment could mitigate the effects of education on wage inequality.  

Finally, when schools have radically different quality, the effect can be profound. Given 

the disparity of returns to education along the wage structure, efforts to improve the provision 

of high-quality basic education for all students should be a national policy priority. Numerous 

studies find that a high-quality curriculum and well-qualified teachers can make a greater 

difference to educational attainment than initial endowments of skills or social background. 

Policymakers should focus on equalizing education spending, and improving teachers’ skills 

and curriculum quality. Through these education polices, the government can provide equal 

education opportunity and this, in turn, can reduce the unequalizing effect of education in 

Argentina.   
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IX.! Appendix 

 
Table 1.  Means and Standard Deviations of Samples 

 
  All Men Women 
 Variable Mean S.d. Mean St.Dv. Mean St.Dv. 
2005 Primary Incomplete 0.05 0.22 0.06 0.24 0.04 0.19 
 Primary Complete 0.21 0.41 0.24 0.43 0.16 0.37 
 Secondary Incomplete 0.17 0.38 0.19 0.39 0.13 0.33 
 Secondary Complete 0.24 0.43 0.23 0.42 0.25 0.43 
 University Incomplete 0.14 0.35 0.13 0.34 0.16 0.37 
 University Complete 0.18 0.39 0.15 0.35 0.26 0.44 
 Years of education 10.04 4.69 9.58 4.63 10.98 4.65 
 Experience 22.57 13.58 22.99 13.45 21.71 13.80 
 Experience-squared 693.81 696.76 709.23 697.95 661.87 693.20 
 Real Hourly Wage 4.24 4.00 4.33 4.25 4.06 3.44 
 Log Hourly Wage 1.15 0.79 1.17 0.76 1.09 0.83 
  N 83,881  56,616  27,265  
2010 Primary Incomplete 0.04 0.20 0.05 0.21 0.03 0.17 
 Primary Complete 0.18 0.39 0.21 0.41 0.13 0.34 
 Secondary Incomplete 0.17 0.37 0.20 0.40 0.11 0.32 
 Secondary Complete 0.27 0.44 0.27 0.44 0.27 0.44 
 University Incomplete 0.14 0.34 0.13 0.33 0.16 0.37 
 University Complete 0.20 0.40 0.15 0.36 0.30 0.46 
 Years of education 10.34 4.55 9.82 4.46 11.38 4.54 
 Experience 22.51 13.43 22.98 13.45 21.59 13.34 
 Experience-squared 687.14 689.91 708.78 702.86 644.00 661.24 
 Real Hourly Wage 5.47 4.26 5.54 4.32 5.33 4.12 
 Log Hourly Wage 1.46 0.72 1.48 0.69 1.41 0.77 
  N 132,084  88,066  44,018  
2015 Primary Incomplete 0.04 0.18 0.04 0.20 0.02 0.15 
 Primary Complete 0.17 0.37 0.20 0.40 0.11 0.31 
 Secondary Incomplete 0.17 0.38 0.19 0.40 0.12 0.32 
 Secondary Complete 0.29 0.45 0.30 0.46 0.28 0.45 
 University Incomplete 0.13 0.34 0.12 0.32 0.16 0.37 
 University Complete 0.20 0.40 0.15 0.36 0.31 0.46 
 Years of education 10.36 4.41 9.75 4.30 11.61 4.37 
 Experience 22.92 13.22 23.36 13.23 22.02 13.17 
 Experience-squared 700.27 685.58 720.75 694.14 658.24 665.70 
 Real Hourly Wage 4.60 3.17 4.59 3.18 4.61 3.16 
 Log Hourly Wage 1.32 0.67 1.33 0.64 1.31 0.71 
 N 67,008  45,000  22,008  
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Table 2.A Determinants of Wages 2005, Workers sample 

 
  

  Model 1 Model 2 Model 3 Model 4 
Years of education 0.0776 0.0818   
 (99.19)** (104.36)**   
Experience 0.0413 0.0403 0.0341 0.0323 
 (0.04)** (49.61)** (40.69)** (39.42)** 
Experience-squared -0.0005 -0.0005 -0.0004 -0.0004 
 (-34.02)** (-33.08)** (-26.31)** (-24.51)** 
Primary complete   0.2057 0.2164 
   (12.54)** (13.6)** 
Secondary incomplete   0.4028 0.4156 
   (23.41)** (24.9)** 
Secondary complete   0.6130 0.6584 
   (36.23)** (40.05)** 
University incomplete   0.9249 0.9773 
   (51.18)** (55.25)** 
University complete   1.1777 1.2646 
   (66.46)** (72.52)** 
Male  0.2780  0.3154 
  (40.35)**  (46.12)** 
Constant 5.2280 5.0030  5.2465 
     
Observations 83,126 83,126 83,126 83,126 
     
R-squared 0.21 0.23 0.22 0.26 
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Table 2.B Determinants of Wages 2010, Workers sample 

  
 
   

  Model 1 Model 2 Model 3 Model 4 
Years of education 0.0643 0.0693   
 (89.67)** (97.07)**   
Experience 0.0356 0.0355 0.0293 0.0286 
 (46.2)** (46.85)** (37.7)** (37.63)** 
Experience-squared -0.0005 -0.0005 -0.0004 -0.0004 
 (-33.28)** (-33.57)** (-26.48)** (-26.1)** 
Primary complete   0.1941 0.1975 
   (11.48)** (12.02)** 
Secondary 
incomplete   0.3389 0.3405 
   (19.73)** (20.37)** 
Secondary complete   0.5241 0.5590 
   (31.59)** (34.56)** 
University incomplete   0.7788 0.8289 
   (44.05)** (47.96)** 
University complete   0.9861 1.0686 
   (57.23)** (63.27)** 
Male  0.2721  0.3017 
  (46.53)**  (51.83)** 
Constant 6.4988  6.2627 6.4713 
     
Observations 130,820 130,820 130,820 130,820 
     
R-squared 0.1645 0.1984 0.178 0.219 
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Table 2.C Determinants of Wages 2015, Workers sample 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

  Model 1 Model 2 Model 3 Model 4 
Years of education 0.0516 0.0566   
 (57.92)** (62.62)**   
Experience 0.0303 0.0302 0.0251 0.0245 
 (31.03)** (31.27)** (25.04)** (24.77)** 
Experience-squared -0.0004 -0.0004 -0.0004 -0.0003 
 (-23)** (-22.92)** (-18.31)** (-17.78)** 
Primary complete  29.6400 0.1788 0.1774 
   (7.94)** (8.08)** 
Secondary incomplete   0.2987 0.3058 
   (13.05)** (13.7)** 
Secondary complete   0.4571 0.4838 
   (20.59)** (22.33)** 
University 
incomplete   0.6465 0.6960 
   (27.18)** (29.87)** 
University complete   0.8109 0.8847 
   (35.2)** (39.09)** 
Male  0.2146  0.2360 
    (32.89)** 
Constant 7.8830 7.6837 8.0199 7.8335 
     
Observations 66,308 66,308 66,308 66,308 
     
R-squared 0.1265 0.151 0.1381 0.1674 
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